The aim of this paper is to develop a theoretical framework grounded in the literature, which can be used to explore the influence of big data on business-IT alignment in the healthcare context. Increasingly the availability of information systems in healthcare delivery and service management results in massive amounts of complex data that have the 3V characteristics of big data (i.e. volume, variety, velocity). Use of big-healthcare-data has been identified as bringing significant benefits to the healthcare sector from improved decision making through to population health analysis. Although the technical dynamics around big data such as analytics and infrastructure requirements are extensively researched, less attention has been given to social dynamics such as peoples' experience, understanding and perceived usefulness of this data. To address this gap, the paper uses social representation theory as a methodological lens to develop a theoretical framework to study the social dynamics around big data and its use in the healthcare context. The selected case for this development is the New Zealand healthcare sector and an approach using multi-level macro, meso, and micro analysis is taken. Use of social representation theory as a methodological lens to develop a theoretical framework is a novel approach. Such a theoretical framework will be useful as a foundation for carrying out on-going empirical research on big data to understand its influence on business-IT alignment in the healthcare context.
Introduction
The growing use of information systems (IS) in the healthcare sector, alongside increasing patient populations, diseases and medication, is generating enormous amounts of unstructured and complex data that have the characteristics of 'big data' (Ward et al. 2014 ,
Australasian Journal of Information Systems
Weerasinghe, Pauleen, Scahill & Taskin 2018 , Vol 22, Research Article A Theoretical Framework of Big Data in Healthcare 2 Wyber et al. 2015 . Big data is commonly known for its '3V' characteristics: volume (large in size), variety (many different types of data), and velocity (availability of data in near real-time) (McAfee and Brynjolfsson 2012) . The analysis of big data, also known as 'big data analytics' is central to a revolutionary change in the business world (Davenport 2013) . Until recent times data driven approaches in healthcare to make use of large volumes of complex data were considered difficult, if not impossible, because available technology was not mature enough to handle such data (Wyber et al. 2015) . However, recent technological developments have opened promising avenues for healthcare to make use of big-healthcare-data for more effective healthcare management and delivery (Mace 2014) .
As opposed to companies born in the digital era, traditional businesses face a greater challenge in integrating big data into their existing information technology (IT) ecosystems (Davenport and Dyché 2013) . Implementing big data capabilities in traditional businesses like healthcare requires the management of change in the socio-technical aspects of an organisation such as: analytics platforms, IT architecture, IT infrastructure, security measures, required expertise and organisational structure. Within the healthcare sector, change is identified as a key factor that influences business-IT alignment (Bush et al. 2009 ). The importance of aligning uses of big data with clear business objectives has been acknowledged (Bean and Kiron 2013, Watson 2014 ). However, no alignment studies could be found in the literature which investigate the influence of big data analytics on business-IT alignment in either the business or wider healthcare literatures.
Furthermore, as a recent IT phenomenon, big data research shows a bias towards understanding technical dynamics and as such social dynamics around big data use have been largely ignored, and are not adequately researched (Shin 2015) . Business-IT alignment can be examined through four dimensions: (i) strategic, (ii) structural (formal and informal), (iii) social, and (iv) cultural (Chan and Reich 2007) . As the least studied and most suitable to investigate, social dynamics -the social dimension of alignment -is posited in this paper to be the ideal platform to support the investigation of the social dynamics associated with the big data construct.
Healthcare systems differ from country to country; the selected case context for the development of the framework discussed in this paper is the New Zealand healthcare system. When studying complex systems such as healthcare, which are composed of different components, structural divisions, organisations, and actors it is useful to categorise the system into macro, meso and micro (MMM) levels (Dopfer et al. 2004) . For this study, we use the MMM conceptualisation discussed for the New Zealand healthcare system by Scahill (2012) : macro -policy setting organisations, meso -funders and planners, and micro -service providers. Based on the findings from the literature on big data, business-IT alignment and healthcare, this paper discusses development of a framework that can be used to investigate the influence of big data on business-IT alignment in this context.
Social Representation Theory (SRT) (Moscovici 1963 ) is used as a methodological lens that guides the development of the theoretical framework (see Figure 1 ). SRT provides a holistic stance allowing us to understand how individuals co-construct representations within a social group when new situations emerge (Andersén and Andersén 2014) . Representations are influenced by the pressure, opinions, social negotiation and collective sense-making of a group (Dulipovici and Robey 2013) . Studying social representations brings methodological direction to a study and is therefore appropriate to be applied to IS/IT research (Gal and Berente 2008) .
Based on SRT, MMM levels are identified as social groups, which could have different representations of big data and thus impact alignment in different ways. Sub-groups such as organisations, departments or project teams within these levels are anticipated.
Figure 1: Use of methodological lens for the development of a theoretical framework
The term 'methodological lens' refers to the use of SRT as the methodology that guides the development of a theoretical framework (see Figure 1 ). The use of SRT allows not only the study of social dynamics but it also informs the structure of the theoretical framework in terms of what is to be explored and how this needs to be studied. In this manner SRT acts as a methodological lens as opposed to a theoretical lens. SRT has been used as a theoretical lens in past research (e.g. Dulipovici and Robey 2013, Gal and Berente 2008) but the authors are not aware of literature outlining the use of SRT as a methodological lens in developing a theoretical framework.
This paper discusses the development of a theoretical framework to study the influence of big data on business-IT alignment based on the New Zealand healthcare context. The process of developing such a framework could be applied to healthcare systems in other countries. Moreover, such frameworks can then be used as the basis for empirical studies which aim to develop theory.
In the following sections, we discuss the literature around big data, business-IT alignment and healthcare, highlighting the identified gaps, while SRT is discussed separately. A description of the NZ healthcare system is provided as the case under study. The aim of this paper is to posit a framework grounded in the appropriate literature, which will later be used to explore the influence of big data within the healthcare sector.
Three characteristics, known as the 3V's -volume, variety and velocity -are generally used to define big data and distinguish it from standard data (McAfee and Brynjolfsson 2012, Russom 2011) . According to Gartner (2013, para1) . big data is "high-volume, high-velocity and/or highvariety information assets that demand cost-effective, innovative forms of information processing that enable enhanced insight, decision making, and process automation". Watson (2014) , McAfee and Brynjolfsson (2012) , and Russom (2011) also characterise big data using these 3V's. Two additional V's -value and veracity -have also been identified, extending the characteristics of big data to 5V's (Kacfah Emani et al. 2015 , Saporito 2013 , Sathi 2012 . Based on the 5V characteristics Kacfah Emani et al. (2015, p72) state "dealing effectively with big data requires one to create value against the volume, variety and veracity of data while it is still in motion (velocity), not just after it is at rest".
"Analytics" is an umbrella term for all data analysis applications (Watson 2014 ) and refers to the use of tools to analyse data, not necessarily big data. In the business context, big data and analytics are often discussed together; they are sometimes even confused with each other with the terms being used interchangeably (McAfee and Brynjolfsson 2012) . Simply collecting and storing big data creates no value unless analytics is performed to make sense of this data to improve decision making within a business (Watson 2014) . However traditional analytic capabilities are not sufficient to process big data. Much more advanced infrastructure and analytical techniques are needed to glean insight from data that is high in volume, variety and velocity (Kacfah Emani et al. 2015) .
Big data or big data analytics "is not a single out-of-the-box product" (Loshin 2013, p21) . Making effective use of big data demands a specific combination of tools, techniques, and skills. Companies that were born in the internet era, such as Google, Facebook and eBay were built around big data (Davenport and Dyché 2013) , thus these companies possess the capabilities to manage and make use of it. With technological advancements and the commercialisation of the internet, companies that existed before the internet era (deemed traditional businesses) are also looking into opportunities to develop their businesses by effectively using big data (Bholat 2015 , Chawla and Davis 2013 , Davenport and Dyché 2013 , Dhawan et al. 2014 ).
To integrate big data, traditional businesses will need to consider making changes to their existing IT ecosystem. They will not only be working with big data but also with standard small datasets. Their Hadoop 1 clusters may run along with their IBM mainframes; big data analytics will be used to complement traditional analytics; their data scientists will be working together with quantitative analysts (Davenport and Dyché 2013) . Therefore, it is likely to be a challenge for traditional businesses to integrate the new (implementation of big data analytics) with the known (traditional data technologies in the IT ecosystem) (Bean and Kiron 2013, Davenport and Dyché 2013) . In a traditional business it is expected that the use of big data would be associated with a wide range of social and technical aspects.
Technical dynamics (technology requirements of big data, challenges and opportunities of big data analytics and so forth) towards big data implementations have been extensively researched (e.g. Chen et al. 2014 , Davenport 2013 , Dhawan et al. 2014 , Jagadish et al. 2014 . As a technology revolution itself, it is fair to say that big data research often shows a bias toward 1 Hadoop is an open source software framework for distributed storage and distributed processing of large data sets (Shin 2015, Shin and Choi, 2015) . In this paper, social dynamics refer to the users' understanding, commitment, and perceived value of big data, within a given context.
Among the scarce research that has been found exploring these humanistic factors in relation to big data analytics implementations, Shin (2015) extended the Unified Technology Acceptance and Usage Theory (UTAUT) with characteristics such as perceived usefulness and perceived ease of use extracted from the Technology Acceptance Model (TAM). Shin used this model to test the normalisation process of big data in Korean society. In his research Shin (2015) discovered that big data implementations should be user centric and driven by the requirements of end-users. However, more research is needed to investigate the influence of social dynamics when implementing big data analytics in the traditional business context, because utilisation and management of big data is equally complex.
Traditional businesses should not implement big data just to be "trendy", but rather clear goals must drive the strategy and process (Loshin 2013) . A study undertaken by NewVantage Partners (2012) with Fortune 500 companies and federal agency leaders identified that business-IT alignment is crucial for the success of big data implementation. Business-IT alignment is achieved through business and technology (big data analytics) working together in harmony with proper understanding of business objectives and big data capabilities (Bean and Kiron 2013, Loshin 2013) . Although the existing literature highlights the importance of business-IT alignment, studies investigating the influence of big data on business-IT alignment have not been found.
Business-IT alignment
For the past 30 years, alignment has been a major concern for IT practitioners and company executives (Kappelman et al. 2013) . Similarly, for the past few decades many researchers have explored the importance of business-IT alignment in various business domains (e.g. Drazin and Van De Ven 1985 , Dulipovici and Robey 2013 , Henderson and Venkatraman 1992 , Luftman 1996 , Sabherwal and Chan 2001 . And therefore, alignment has remained one of the dominant fields of IS research through the years Reich 2007, Sousa and .
Cognates for "alignment" include terms such as fit, coherence, harmony, match, integration, congruence, relationship, gestalt, synergy and linkage. These all refer to the degree of fit between business strategy, organisational structure, IT strategy and IT infrastructure (Chan and Reich 2007 , Henderson and Venkatraman 1993 , Luftman 1996 . Researchers who study alignment typically study the fit between two or more of these four domains (Henderson and Venkatraman 1992) . Grounded in the literature, our definition of alignment refers to how well technology is utilised to bring value to a business. In the context of big data, this definition can be extended to describe how well technology is realised to make sense out of big data to create value. Creating value in the business context signifies achievement of business goals and objectives.
Over 30 years of research on alignment has led to conceptualising it in numerous ways. As such, Henderson and Venkatraman (1992) proposed the Strategic Alignment Model (SAM) to study this phenomenon. Their paper explores alignment between the domains of business strategy, business structure, IT strategy and IT structure. They identify three types of alignment: bivariate fit, cross-domain alignment and strategic alignment. Bivariate fit in the SAM model refers to investigation of alignment at any two domains of the model. Crossdomain alignment explains alignment across three of these domains. The third and most complex type of alignment defined in the SAM model is strategic alignment, which refers to giving "simultaneous or concurrent attention to all four domains" (Henderson & Venkatraman, 1992, p. 20) . Reich and Benbasat (1996) conceptualise studying business-IT alignment through two dimensions: social and intellectual. Chan and Reich (2007) , grounded in past alignment literature, identify a number of different dimensions of business-IT alignment including: strategic/intellectual, structural (formal/informal), social and cultural. Strategic/ intellectual dimension of alignment looks at fit between business strategy and IT strategy. Structural dimension investigates the relationship between an organisation's structure and its IT. The social dimension is applied to understand how IT is perceived by different players within the organisation or the unit under study. The cultural dimension is the degree of agreement between the IT approach and the organisational culture. Chan and Reich (2007) also identified different levels of alignment as: organisational, operational, project, and individual. Although different, these conceptualisations seem to share similar characteristics, i.e. the social dimension has strong ties with the individual level (Chan and Reich 2007 ).
As discussed above, research on big data shows a lack of empirical studies on the social dynamics associated with big data implementations. The ideal dimension to study social dynamics to understand alignment is the social dimension of alignment as it explores how the IT is perceived by different players at different levels of an organisation. According to Reich and Benbasat (1996, p58 ) the social dimension can be defined as "the level of mutual understanding of commitment to the business and IT mission, objectives and plans". Unpredictable social aspects may influence the business-IT alignment. The social dimension of alignment explores how users perceive and understand the IT implementation and how the technology is actually used (Dulipovici and Robey 2013) .
Compared to the strategic/intellectual and structural dimensions of alignment, fewer studies have been carried out to investigate the social dimension of alignment. Tan and Gallupe (2006) used a cognitive approach to examine the shared understanding between business and IT executives. They studied both the commonalities 2 and individualities 3 among people that contributed to shared cognition in an organisation. Dulipovici and Robey (2013) applied social representation theory to explore how a Knowledge Management System (KMS) is perceived and embraced by different groups of people within an organisation and discussed how the KMS influenced business-IT alignment of the organisation.
To address the identified gaps in the literature, this paper incorporates the social dimension of alignment and examines how social dynamics may influence the alignment of big data within the traditional business setting. Healthcare is selected as the context to carry out the research as it fits well with the notion of traditional business and it is also one of the fields in which big data has been identified as being beneficial (Groves et al. 2013 ). This provides the basis to investigate alignment in terms of how implementation and technologies around big data are perceived to be creating value and how knowledgeable actors are of the business objectives of such implementations, across a country's healthcare sector.
Transformation of Healthcare with Information Technology
Until recently the quality of healthcare delivery has been largely dependent on the intuition and intelligence of clinical practitioners. Healthcare services have been successfully delivered because the clinical practitioners within these systems "are bright, hard-working and wellintentioned -not because of good system designs or systematic use of data" (Celi et al. 2013 . However, recent research shows that there is a growing interest in using data to aid clinical practitioners in healthcare delivery and service management (Mace 2014 , Patil et al. 2014 , Tormay 2015 .
The global healthcare industry faces significant challenges as populations grow and age -with more chronic disease, resources are constrained and systems are under significant pressure to perform (Gauld 2009 ). As a result, internationally health systems have undergone major changes in the past few decades to address the call for enhanced patient care and improved outcomes (Anderson 2007 , Bush et al. 2009 , Pare et al. 2008 , Patil et al. 2014 , Sicotte et al. 2006 . IT and deployment of information systems (IS) is identified as central to this transformation of healthcare systems (Bush et al. 2009 ). These information systems focus on improving patient care, service quality, operational efficiency and patient satisfaction (Peng et al. 2014) . Such targets are achieved by reducing medical errors, streamlining clinical processes, increasing productivity and controlling healthcare costs (Anderson 2007 , Kannry 2011 . The information systems used across health are key in creating healthcare data.
A wide range of clinical and operational information systems have been introduced (Ward et al. 2014 ) and used effectively within healthcare in many developed countries (e.g. USA, New Zealand, and Canada). Based on their use, these information systems are classified into two types: (i) Clinical IS (CIS), and (ii) Administrative IS (AIS) (Menon et al. 2009 ).
In their classification Menon et al. (2009) identify IS assisting primary value chain activities of healthcare as clinical IS; thus, these can be identified as information systems used in healthcare delivery. These systems capture, store and analyse clinical data to provide improved services in healthcare delivery (Pare et al. 2008) . Electronic health records (EHR), laboratory information management systems, picture archiving and communication systems are some examples of clinical IS (Menon et al. 2009 , Ward et al. 2014 . In addition to aiding professionals in clinical practice, CIS also provide information for strategic planning (Glandon et al. 2008 ).
Also identified as operational management systems by Glandon et al. (2008) , administrative IS are used for healthcare administration and service management. These information systems are used to facilitate the secondary value chain activities (support activities) of healthcare (Menon et al. 2009 ). Thus, they support non-patient care activities of healthcare organisations (Glandon et al. 2008) . Some examples of these information systems are human resource management systems, supply chain management systems and payroll systems, similar to those in any other organisation (Glandon et al. 2008 , Menon et al. 2009 , Ward et al. 2014 ).
In addition to these stand-alone discrete information systems, complex integrated systems that combine a variety of CIS and AIS can be found across healthcare sectors. Some examples of these integrated information systems are Hospital Information Systems (HIS) (Ahmadian et al. 2014) and General Practice Information Systems (GPIS) (Yusof et al. 2008) . 
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Big data in Healthcare
The increasing use of EHR and other IT deployments in healthcare is contributing to the rapid growth of healthcare data (Bates et al. 2014 , Patil et al. 2014 ). Given population growth and the rising numbers of diseases and medications, large amounts of complex data are being generated in the healthcare sector (Wyber et al. 2015) . Due to the complex nature of this sector, data generated by information systems typically have characteristics (i.e. the 3V's) of big data. Although data with the 3V characteristics of big data have been generated within the healthcare sector for some time, making use of this data in healthcare has been considered complex, if not impossible, because the available technology was not mature enough to handle such data (Wyber et al. 2015) .
Recent developments of technology around big data analytics are opening up promising avenues for the healthcare sector to make use of big-healthcare-data for improved healthcare delivery (Mace 2014 , Nash 2014 , Tormay 2015 , Wyber et al. 2015 . For example, Hadoop clusters introduced as a result of the big data phenomenon can be used to store massive amounts of data in an economic fashion which was not previously possible. Additionally, the development of data science skills has produced people who are capable of making sense of large and complex datasets generated in near real time. Hence, with the recent improvements to technology, the healthcare sector is now capable of deriving accurate data (veracity) to create value through big data analytics for improved healthcare delivery (Wyber et al. 2015) . Consequently, although big data is not new for healthcare, making use of big data and creating value (through big data analytics) for improved healthcare delivery and management is an innovation that healthcare sectors globally are grappling with.
Nonetheless, compared to other industries such as retail merchandising and banking, the uptake of big data in the healthcare sector has been slow and limited (Bates et al. 2014 , Groves et al. 2013 ). On top of the complex nature of the healthcare system, resistance to change by healthcare practitioners, uncertainty of returns on capital investment, and privacy concerns are identified as possible reasons for this lag (Groves et al. 2013 ). However, due to increasing IT expenditure and the enormous amounts of under-utilised and complex data, the healthcare sector needs more efficient practices, research and tools to analyse big data and optimise its use (Chawla and Davis 2013, Groves et al. 2013) .
Recently, developed countries have recognised the importance of big data analytics for healthcare (Prewitt 2014 ). An estimate by McKinsey & Company reports that with the use of big data analytic tools and technologies for healthcare, the United States can save an extraordinary $300 billion to $450 billion per year (Groves et al. 2013 ). According to experts, harnessing big data for knowledge could have significant implications for the healthcare sector. Predicting disease outbreaks, detecting gaps in care delivery, discovering the most effective treatments, identifying patterns related to medication side effects and hospital readmissions, improving pharmaceutical research, and personalised medicine are some of the identified benefits of big data analytics for healthcare (Groves et al. 2013 , Nash 2014 , Tormay 2015 .
Because the healthcare system falls under the category of traditional business, implementing big data analytics could transform the existing IT ecosystem of the healthcare sector. As discussed previously, research outside of the healthcare sector has recognised that big data initiatives to succeed they need to be aligned with business objectives. Thus, although the healthcare sector is interested in using big data, for such initiatives to succeed, the basis for big 
Social Representation Theory as a Methodological Lens
Social representation theory (SRT) is used as a methodological lens for guiding and structuring the proposed theoretical framework of this paper. By methodological lens, we mean a lens that methodologically guides development of a framework. Dulipovici and Robey (2013) applied SRT to frame the investigation of how social representation of a new Knowledge Management System (KMS) in a government agency influenced business-IT alignment. Our paper adopts their approach but extends it with the aim to develop a theoretical framework using SRT to frame the study of social dynamics associated with implementing big data analytics in the healthcare sector, in order to investigate how it may influence business-IT alignment. Use of SRT in this manner forces structure and direction upon the theoretical framework, hence acting as a methodological lens. Adopting SRT as a methodological lens allows the humanistic aspects of business-IT alignment to be considered in depth.
SRT is a theory from social psychology developed by Serge Moscovici in 1961, which provides a holistic stance to understand meaning making within social groups. Over the past 50 years, SRT has been extensively used in many different fields including social sciences, media research, organisational change, healthcare, IT implementation, and information security (e.g. Andersén and Andersén 2014 , Breakwell 1993 , Dulipovici and Robey 2013 , Gal and Berente 2008 , Nichols 1981 , Vaast 2007 , Wagner et al. 1999 ).
Representation of a phenomenon (concept, object or a situation) is the central idea of the SRT. As Moscovici (1963, p251) defines it, social representation is "the elaborating of a social object by the community for the purpose of behaving and communicating". This definition was later refined to mean that objects or concepts are constituted within a social group upon thoughts, feelings and behaviours of the actors (Wagner et al. 1999 ). Therefore, a representation can be characterised using three elements: (i) the object which is represented; (ii) the individual who builds the understanding; and (iii) the group to which the individual belongs (Dulipovici and Robey 2013) . Gal and Berente (2008, p134) outline SRT "as a socio-cognitive framework used to study the social production of common-sense knowledge. It offers a set of concrete conceptual tools for addressing the social context from which shared meanings emerge, and for capturing the temporal nature of socio-cognitive activity". Fundamentally, SRT denotes how individuals coconstruct representations based on common understanding of an object, idea or a concept within a social group when new situations emerge (Andersén and Andersén 2014) . The representation is therefore influenced by the pressure, opinions, social negotiation and collective sense-making of the group (Dulipovici and Robey 2013) . Due to these continuous social interactions, representation of the object is constantly developing.
As it provides methodological direction (Dulipovici and Robey 2013) SRT is ideal for use as a methodological lens. Reviewing studies in past IS research, Gal and Berente (2008) illustrated how such studies could make a more significant contribution if studied through SRT. Studying social representations brings not only methodological direction but also conceptual richness; therefore, it is favourable to be used for IS/IT research (Dulipovici and Robey 2013, Gal and Berente 2008) . Additionally Andersén and Andersén (2014) point out that SRT is much more useful when examining situations concerning organisational change. As explained, big data
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has the potential to change many aspects of a traditional business. Hence, SRT is identified as an appropriate methodology to guide an alignment study of big data around social dynamics.
According to Moscovici (1984) the social representation process emerges through two component processes: (i) anchoring, and (ii) objectification (Dulipovici and Robey 2013) . Anchoring is the symbolic classification of a new phenomenon based on past experience, common background and aspirations (Gal and Berente 2008) . Anchoring will develop a common understanding of the phenomenon within the group. Through anchoring the group classifies the unfamiliar and represents it in a known arrangement (Wagner et al. 1999) . Objectification supports the classification (anchoring) by mapping it with examples, images, models, methods or metaphors. It is the individual interpretation of the novel concept by each individual member of the group (Dulipovici and Robey 2013, Gal and Berente 2008) . Therefore these two processes complement each other, as anchoring being a social process promotes stability, and objectification being a cognitive process prompts change (Dulipovici and Robey 2013) . Consequently, social representations are continuously shaped within the social group. Figure 2 illustrates how we conceptualise this understanding of anchoring, objectification and the formation of a representation within a social group.
Figure 2: Conceptual illustration of SRT
Based on this, it is understood that the concept of big data and its use may be perceived within a socially constructed group through anchoring and objectification. Objectification of the notion of big data and its potential by an individual will be influenced by the individual's background, knowledge, past experience and understanding. Objectification will then influence anchoring of big data analytics within the group and result in constructing a representation.
The boundaries of a social group were broadly explained in the early definitions of SRT (Moscovici, 1963) . For example, society, the community or the public was seen as the social setting that influences a social representation (Andersén and Andersén 2014) . But the most recent uses of SRT divide the population into much smaller entities such as organisations (Gal and Berente 2008) , and departments within organisations (Dulipovici and Robey 2013) . A group may consist of two or up to an infinite number of members (Wagner et al. 1999 ). Moscovici (1988) defines three types of representations based on formation of social groups: (i) hegemonic, (ii) emancipated, and (iii) polemic (see Table 1 ). Thus as a theoretical underpinning to an empirical study of social groups, the representation to be studied can guide the selection of the group. (Moscovici 1988, p221) The phenomenon of big data analytics is not a known representation in the healthcare context; therefore, it is not a hegemonic representation. Nor is it known to have a conflicting identity with a polemic representation. Thus, based on Moscovici's definition of types of representations, we suggest that implementing big data analytics falls under the classification of an emancipated representation. It is anticipated that big data analytics could be socially constructed within a group, which may have sub-groups that contribute to the representation.
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The Case: New Zealand Healthcare Sector
The healthcare systems of countries across the world operate in different ways. We have selected New Zealand (NZ) as a case to develop the theoretical framework. It is our expectation that the process of analysis of the influence of big data on alignment developed here will be applicable to other countries with similar health systems.
It is estimated that NZ spends about 10.3% of its Gross Domestic Product (GDP) on healthcare, with 31% of this spent on acute in-patient care, 34% on out-patient care, 15% on long term care, 11% on medical goods and 10% on collective services 4 (OECD 2013). These services are provided to New Zealanders through a multifaceted system governed by the Ministry of Health (MoH). The health and disability system of NZ is funded nationally, planned regionally and delivered locally (Pollock 2012) . The MoH "provides whole-of-sector leadership" to the NZ healthcare system (MoH 2014, p1). High level health policy development is undertaken by the office of the Minister of Health with input from Cabinet and the government, to set strategic direction for the healthcare sector. Although the MoH has a greater influence in healthcare policy development, the National Health Board, Health Workforce New Zealand, the National Health Committee, and other ministerial advisory committees also support and advise the Minister (MoH 2011 Due to the inter-relationships between many different organisations, actors, and structural divisions of the NZ healthcare system this can be identified as a complex health system. Biological, socio-natural or socio-technical systems with more than three coupled components are likely to demonstrate chaotic behaviour under certain circumstances and are then identified as complex systems (Liljenström and Svedin 2005) . When studying such complex systems, it is best to take an approach through the macro-meso-micro perspective of the system to compartmentalise, reduce complexity and obtain a holistic understanding (Dopfer et al. 2004 ). The macro-meso-micro (MMM) model can be used to conceptualise in a variety of ways dependent on the purpose of the study. Additionally, MMM levels will provide an ideal basis upon which groups can be segmented in order to study social representations.
Within the NZ healthcare sector several authors propose MMM models with slightly different but related conceptualisations. Cumming (2011) conceptualises macro as a single organisation, or a body that oversees organisation to organisation collaboration, meso as activities that promote work between organisations -e.g. clinical partnerships (Mays 2013) , and micro as individual practitioners. From a slightly different view Scahill (2012) conceptualises policy setting organisations as macro, funders and planners as meso, and service provider organisations and the individuals within them as micro. Following Scahill (2012) , and based on preliminary interviews, we define MMM around the use of big data as:
• Macro -Government bodies who set the strategy direction and policies that govern IT implementation, particularly implementations utilising big data fall under the macro level. Therefore, the business units as well as the MoH are conceptualised as the macro level bodies. In the NZ context apart from providing strategy direction the MoH and its business units are currently interested in initiating implementations around big data.
• Meso -The planners and funders meso level symbolises organisations that follow the guidelines of the macro bodies and plan to initiate (or have initiated) big data analytics. The organisations that support healthcare delivery can be mapped to the meso level (e.g. DHBs, PHOs). In the NZ context these organisations are likely to work with the government (e.g. DHBs) or have their own plans and initiate projects around big data (e.g. PHOs).
• Micro -Service provider organisations (e.g. hospitals, general practices) and individuals (e.g. general physicians, clinicians) within those organisations are identified as the micro level. Big data is typically generated at this level and has considerable potential to be utilised in this environment. However, it is observed that the use of big data does not solely lie with service provider organisations and their individual members. Organisations that fall under the macro and meso umbrellas are keen to make use of big-healthcare-data generated at the micro level for better planning and service delivery within the NZ health system.
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Figure 3 provides a conceptualisation of the MMM levels in NZ healthcare and how the notion of big data fits within each level. Table 2 presents the elements of SRT mapped to the NZ setting. Big data is the construct of interest for the study, however depending on the group (MMM level) that is being studied at that instance, big data analytics sit within planning, implementation or use stages. The groups are mapped to the identified levels of healthcare (MMM). Individuals vary depending on the level (group) under study.
Figure 3: Conceptualisation of MMM in NZ Healthcare
Object
Big data Group
Macro, meso, micro levels (each level is considered as one social group) Individual Macro -Directors, strategy level roles of MoH and business units; Meso -Managers of healthcare planning and funding bodies; Micro -The users of systems that generate data and analytics outcomes Although based on SRT MMM are identified as social groups to study, it may be that there are unseen sub-groups within them. These sub-groups could be influencing representation of big data within each level (group) which can only be identified through investigation. However, within each of these socially constructed groups (MMM), a social representation of big data will be uniquely constructed with or without the influence of sub-groups.
New Zealand's application of IT within the healthcare sector is among the highest in the developed world (Protti and Bowden 2010) . In particular, the primary healthcare sector makes extensive use of information systems (Atalag et al. 2013 ). These information systems aid the clinicians in many tasks varying from administrative to management of patient care delivery as well as the associated clinical activity required to achieve this. Administrative IS are used for appointment scheduling, billing and financial administration. Clinical IS such as EHRs, ePrescriptions, eReferrals, and LIMS are used by clinicians to monitor patient history, obtain the latest medicine updates, refer patients to specialists, receive test results and so forth (Atalag et al. 2013 , Pollock 2012 . Therefore, CIS and AIS are effectively used across meso and micro levels of the NZ health sector.
Additionally, information systems are used in hospitals to aid clinicians in healthcare delivery and hospital management. The IS applications that are used in NZ hospitals include clinician portals, patient management systems, systems for admission management, systems for management of transfers and discharges, bed management, outpatient management, laboratory ordering and result reporting systems, digital radiology reporting systems and systems to manage specific departments such as the intensive care unit, emergency department and operating theatres (Pollock 2012) . Use of such information systems rapidly generates different types of healthcare data in large volumes; therefore, it is likely to have the Andreu-Perez et al. 2015) . A recent study undertaken by the National Institute for Health Innovation (NIHI) found that most datasets generated by information systems across the NZ healthcare sector are able to be linked through the National Health Index (NHI) and thus can be used together for large-scale data analysis (Atalag et al. 2013) . This provides some evidence that NZ has taken a step towards implementing big data analytics and there is significant opportunity to further perform analyses within and across these multiple large data sets.
In addition to this, the recently revised NZ Health Strategy (Minister of Health 2016) identifies the "Smart system" as a key action area. The concept of a smart system is to collect wellorganised data from across the healthcare system as well as from other sources, to be able to achieve better health outcomes as well as to share information with other government bodies in order to achieve inter-sectorial government-wide goals (Minister of Health 2016) .
Although some work around the use of big data analytics is available within the global healthcare sector, published research is very limited in the NZ context. At the time of writing Tormay (2015) and Atalag et al. (2013) are the only publications that could be found in the NZ setting which directly discuss big data in the NZ healthcare context. Neither of these two publications addresses social dynamics nor investigates business-IT alignment.
5 Discussion: The Theoretical Framework
The Framework
This section describes the theoretical framework, Big Data Alignment using SRT (BA-SRT) (see Figure 4) , that has been developed from the findings in the literature on business-IT alignment, big data and the healthcare sector. SRT as the methodological lens guided the development of this framework 5 . As the framework was developed by considering the structure of the NZ healthcare sector it is ideal for use in that setting. The theoretical framework guides investigation of internal alignment by looking at government/business objectives and big data using the social dimension as a lens at each sector level (macro, meso and micro). SRT enforces studying social representations of big data at each level to understand alignment through a social dimension lens. Using the developed framework in a different country context may require the framework to be adapted dependent on whether it is a similar health system.
As shown in the framework (see Figure 4) , although big data is generated at the micro level by the clinical interface, big data can be used across the healthcare sector for strategy and policy making, planning and funding, as well as for clinical decision making. Both macro and meso level organisations can be identified for implementing strategies and plans for successful use of big data, along with their involvement in the implementation of big data-related tools. Big data can be used for strategy and planning decisions at both macro and meso levels (e.g. population health). Therefore, the framework can be used to guide researchers looking into alignment, strategy, implementation and use of big data at the macro and meso levels. Big data generation and use can also be studied simultaneously at the micro level using this framework. 
Advantages of applying this framework
This framework can be used as a guide to explore the influence of big data on business-IT alignment using the social dimension of alignment. As Shin (2015) suggests, the use of big data involves social practices and so there needs to be more focus on integration with the social setting. Moreover, investigating the social dimension will facilitate understanding of how big data is integrated amongst the social elements of healthcare planning and delivery. The framework that has been formulated in this synthesis provides clear guidance through understanding: (i) what to study (big data strategy, implementation, generation and use at respective levels), (ii) where to study (MMM levels), and (iii) whom (Policy makers, planners and funders and clinicians) to study when researching big data in the NZ context.
Achieving and sustaining alignment is not as simple as ensuring effective formulation of big data plans and strategies and maintaining consistency with documentation, but rather the execution of IS strategies, which includes user interactions (Dulipovici and Robey 2013) . Using a social dimension lens to explore business-IT alignment, we can study how strategies, plans, projects and implementations around big data are perceived by different players at different levels within the sector. This brings a focus to the human interaction with technology from a sector perspective. It is important to know how plans around big data are interpreted by different players in organisations and bodies throughout the sector. Although documented IS strategy (big data plans) could be properly aligned with the documented business strategies, the situated use could influence alignment differently. The situated use of IS involves the subjective understanding of a technological concept (i.e. big data analytics) (Dulipovici and Robey 2013) . Thus it is important to look at the level of understanding and commitment to big data across healthcare organisations by key stakeholders. In order to do so, we propose that it is appropriate to look at alignment through a social dimension lens, to gain the greatest insights on the influence of big data on business-IT alignment. Our theoretical framework recommends studying social representations of big data analytics, allowing a more humanistic approach.
The developed framework will enable researchers studying business-IT alignment to engage with all levels of the healthcare sector, from policy makers, planners, funders to practitioners. The framework therefore specifically encourages sector wide alignment, ensuring a holistic understanding of the situation of big data within the NZ healthcare sector. It is also important that alignment is present internally (within the healthcare organisations) as well as externally aligning to the government (e.g. NZ health strategy) and other funders' plans. As such we propose alignment should be studied internally within healthcare organisations as well as externally across the sector. Given the strategic refocus of the NZ Health Strategy (Minister of Health 2016) on refining the health strategy to set new directions for the next 10 years, it will be beneficial to understand how the NZ healthcare sector is reacting to the notion of big data analytics and its developments.
As our framework takes a holistic view of alignment we believe it provides a sound platform for studying business-IT alignment. Given that big data is a high profile phenomenon within the healthcare context in NZ and internationally, it is important to examine the perceived effect of these big data initiatives on business-IT alignment.
Limitations of the Framework
An identified limitation of our theoretical framework is that it has been formulated to meet the needs of a big data study in the New Zealand healthcare context. Based on the interpretative nature of the study and the fact that social constructions will inform the findings, it is expected that this framework is not generalizable to other healthcare contexts in its current form, and this is identified as a pitfall. Countries with similar healthcare settings may wish to adopt this framework with minimal change, but for the large majority of nations this framework will require modification based on the structure of the system and how much their system differs from the New Zealand context. However, it is expected that within most developed countries where there is a structured health system in place the macro, meso and micro levels should be able to be identified.
Another identified pitfall of the developed theoretical framework is that although it encourages studying health sector wide alignment, it has not engaged the technology vendors that work within the system and alignment with these groups must be investigated in future research. In such cases, researcher will need to analyse the similarity of the external party (such as IT vendor) with an identified level (i.e. meso) and amend the framework as required.
Conclusion: Implications, Recommendations and Reflections
There is much interest in the phenomenon of big data analytics in the modern business world. The big data construct has been discussed and researched largely through technical dynamics such as analytics, security and technological infrastructure requirements. Much less research has been reported in the area of social dynamics and the influence of these dynamics on big data strategies and use: i.e. the human side of IS implementation. Therefore, research on social dynamics such as experience, perceived value and usefulness is an important contribution for contemporary big data literature and especially in the inherently complex healthcare sector. In addition to the context, the study of social dynamics is complex, particularly in the case of a construct such as big data. As such, sound planning and a theoretical foundation is required before entering the field in order to carry out an empirical study.
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Weerasinghe, Pauleen, Scahill & Taskin 2018, Vol 22, Research Article A Theoretical Framework of Big Data in Healthcare In addition, in this paper we discuss the development of a theoretical framework that is founded on and grounded in the literature, which will be used to guide this research on social dynamics associated with the big data construct. SRT was used as a methodological lens to guide the development of a theoretical framework. Big data research suggests that alignment of big data to business goals and objectives is key to the success of big data initiatives. Using SRT as the methodological lens to study social dynamics, the developed framework identifies the groups to be studied and sub-groups within the groups to study. This will act as a guide to an empirical study which aims to investigate the complex nature of business-IT alignment around big data use in the NZ healthcare context.
The development of a theoretical framework to study the influence of big data on business-IT alignment through social representations has two implications: on the one hand, it forces structure and direction to study the identified gaps in the literature. On the other, it aims to investigate how social dynamics around on-going and planned big data projects influence alignment between business and IT in the healthcare context. To date, such a framework is not available and such studies have not been conducted in the New Zealand or global context.
A study using the developed theoretical framework will capture a broader view of the NZ healthcare sector and its players' understandings and perceptions that will lead to actions around big data use. Therefore, this framework and subsequent study findings has the potential to influence policy and practice. Additionally, understanding social dynamics around big data at each level outlined in the framework (macro, meso, micro) will facilitate investigation of alignment of these social dynamics across the sector levels. Because big data is a phenomenon that runs through all the sector levels (i.e. generated at the clinical interface but can be used by policy makers, planners and funders) it is important that optimal intersector alignment is achieved across the health sector. Research studies using this theoretical framework will identify the current level of inter-sector alignment between levels (macro, meso, micro) that will better inform policy makers, planners, funders as well as the practitioners of the current status of big data and its possible implications.
The use of SRT as a methodological lens is a contribution of this paper. Using theory to explain and simplify phenomena is common practice (Mintzberg 2005) . In this paper, we have used theory to focus and simplify the literature into a theoretical framework, which can then be used to explain phenomena. We believe this is the first time SRT has been used in this fashion. We recommend that theories like SRT can provide methodological guidance to studies and are capable of providing a basis for the development of theoretical frameworks, which can then be used in empirical studies.
This review of the literature provides an understanding of the gaps to be filled and the direction our future study will take. However, to go a step beyond, having a methodological lens to pull literature and context together to provide a solid foundation in the form of a preliminary theoretical framework is desirable for this research.
Our theoretical framework was developed in the context of the NZ healthcare sector and generalisability will be limited. Varying degrees of modification may be required if applying this framework to other countries' healthcare contexts, dependent on how similar the systems are. Despite this, the applicability of SRT as a methodological lens to investigate social dynamics around big data in a healthcare context is a novel approach which any healthcare sector should be able to benefit from. We recommend the use of SRT to study social dynamics around big data, beyond the healthcare sector. Other government sectors, such as education and transportation, may be able to adopt our framework, however considering sectorial differences there may be a need for amendments. Additionally, the healthcare sector can use the developed framework to investigate the introduction of novel technological concepts with minimal change to the developed theoretical framework.
